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Abstract
 Withsomanyhealthorganisationshousinglargedatasources,dataminingisbecomingincreasingly
popularasthebenefitsarerecognisedinhealthindustry.Thispaperaimstoi dentifyanapplicationproblemin
healthsystemandsolveitusingexistingdataminingmethods. A Classificationdatam iningtechniquehas been
chosenheretoexploreahealthagency’sdatasowecanprojectnewcasesbylookingatpastexperiencewithkn own
answers.Thediscoveredknowledgecanthenbeappliedinthehealthagencytoincreasetheworkingefficiencyand
improvethequalityofdecisionmaking.
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1Introductio n
 Theabilitytoaccumulatelargevolumes
ofdatahasbecomemorewidespreadwiththe
extensiveavailabilityoflow -costpowerful
computers. Theselargevolumesofdata canbe
readilyconv ertedintousefulinformation by
employingdatam iningtechniques . Datamining,
ingeneral,isthetaskof automatically extracting
implicit,previouslyunknown,validand
potentiallyusefulinformationfromdata [1] .
 Eachdatasetisuniquetoitsapplication
andthereforeholdspotentiallyimportant
informationabout theorganisation. Duetothe
uncertaintyoftheresults ,itisdifficulttoknow
whattoexpectfromadataminingprocess. This
paper contributestotheunderstandingofhow
predictivemodellingbehavesintheminingof
datasetsfroma healthagency.

2 TheHealthAgencySystem
 Thesystemthathasbeenchosenforthis
paperbelongstoahealthagencythatprovides
variousservices relatedtohomemedicalcare.
Health-careagents requestservicesfortheir
clientstotheagencywhoinreturnfind sand
placesasuitablyqualifiedstaffmembe rtoattend
the client’sneeds. Theagencyhascoordinators
whoattendthe requestforservices,contactthe
suitable staffmembers  andask iftheyare
availablefortherequireddates , and finally enter
jobsintothe healthagency systemasrequired.
ThesystemrecordsinformationaboutClients,
Agents,Staff, andJobs(pastandpresent).
Currently,t hecoordinatorsmanuallymatch
clientdetailsandrequirementswith theavailable
staff’squalificationsandpreferences.

3 DataMining
 Datamining istheprocessofsearching
fortrendsandvaluableanomaliesintheentire
data. Theprocessinvolves(1) identifyingadata
miningproblem andgeneratingasubsetofdata
accordingto thegoalsandinterestofadata
analyst,(2)pre -processingthedatasettoensure
agood quality byremovingnoise,handling
missinginformationandtransforming ittoan
appropriateformat,(3)applyingan appropriate
dataminingtechniqueoracombinationof
techniques tothederiveddatase t,and(4)
evaluatingandinterpreting  thediscovered
knowledge. Therearevariousdatamining
techniques availablewiththeirsuitability

dependentonthedomainofapplication.  We
choose predictive modellingor  classification
dataminingtechniquestoap plyto the health
care data. Thegoalofpredictivemodellingisto
makepredictionsbasedonessential
characteristicsaboutthedata.  Thisischosenasit
offersthemostprecisedescriptionofwhyan
eventhastakenplaceanditsimplementationhas
the greatestpotentialpayoff bypredictingthe
futurecases .

3.1 DataMiningProcess: Defininggoals
 Beforewe chooseadatamining
techniquetouncovertheinterestinghiddendata
patternsfrom thedataset ,wemustunderstand
whattheproblemisandhow weshould
approachit.
 The health agencyhasidentified two
areasofinterestthatcanbe suitablefordata
mining. Thefirsttask isinrelationtothemanua l
allocationof suitable stafftojobs. Repeatedly
thecoordinatorshavetomatchtheclient’s
details(suchasdiagnosis,suburb,gender,age)
withthestaff’sdetails(l ikesuburband
qualifications).Asthereisalreadyahistoryof
whohasdonewhatjobandwhere,wecanuse
thisexistingknowledge todeterminethestaff
memberthatissuitablef orajob.
 ƒ(x)=Staff Codewhere  xisasubsetof
attributesfromthedatabase.
 Anotherareaofinterestisin
determiningfuturemarketsbasedonpastcare.
Theagencywouldliketodeterminewhatkindof
servicestheyneedtoprovidebasedonthe
client’sage,gender,loca lityetc. Afterextracting
thisinformationfromthedat a,theagencycan
thencomparetheresultsagainstpopulationdata
fromtheBureauofStatisticstodeterminethe
numberofpeoplethatfitthedefinedcategories
withinthe are asthattheagencycovers. Thismay
identifytheneedtoexpandintootherareasthat
haveahigherpopulationofpeopleinthe
determinedcategories.
 ƒ(y)=Diagnosis  where yisasubsetof
attributesfromthedatabase.

3.2 DataMiningProcess: DataPre -processing
 Thequalityofdatainadatabasecannot
beguaranteedeven withlargecorporatesystems.
Althoughdataminingtoolshavesomeformof
noisecontrol,westillneedtopreparethedata
fortheminingprocess.
 Westart edtheprocess by extractingthe
rawdatafromthedatabaseinade -normalised
formwhereasingletransaction(job)hasallits
informationonasingletuple(record). Next, a
statisticaltoolcalled MiniTab[4] isusedto 
gainanunderstandingoftheimporteddataand
itsqua lity. MiniTab identifiesthenumberof
differentvaluesforstringtypeattributesandthe
countforeachvalue. Thisincludesacountfor
allunknownvalueswherethedataiseither
corruptormissing.Non -characterfieldssuchas
booleancanalsobetal liedandcontinuous
numberfieldscanbedisplayedinaboxplot.
 The firststep toensurethequalityof the
datais toaddressthemissingvalues. Wecan
deletethem,filltheminmanuallyoruseatoolto
automaticallyidentifyasuitablevalue. Our
decisionisbasedonthequantityofmissingdata
andwhethertheattributeofthemissingd ataisa
keyfieldornot. Asasmallquantityofdatais
missingfromsomeofthenon -criticalfie ldswe
caneasilydeletethem. Thereisaproblemwith
the clientag e fieldasthisisseenasacri tical
fieldandneedstobefille din.
 ThetoolCubist [5] isusedtopredict the
valueoftheclientagebasedon theotherfields.
Cubistreplacestheclientagewiththemost
probablevalue,whichinthiscaseistheme anof
thek nownvaluesfortheattribute. Thefollowing
istheoutputfromCubistonthedata.
 Replacingunknownattributevalues:
`CLIENTAGE'by64.2 ,` STAFFSEX'by
`FEMALE', `STAFFAGE'by44.5
 AsCubistprovidesonevaluetofitall
missingvaluest hereisnowabiastowardsthat
value,especiallywhenthereisabout15%of
clientagefieldswithmissingvalues.Itis
unfortunatethatCubistdoesnotautomatically
fillinthemissingvaluesofthedatasetwith
valuesthatarepredictedfromthekno wncases.
Thiscouldbedoneifthedatasethadthetuples
ofthemissingvaluesremovedandthena
predictionmodelcreatedonthedatasetwiththe
resultsbeingusedtopopulatethemissingfields.
 Toaidinthecompletionofthispaperit
wasdecide dthatthetupleswithmissingvalues
wouldbedeleted.Thisalsoremovesthebiasof
makingallmissingvaluesthesame.
 Anotherpre -processingareatolookatis
corruptdata.Examplesinclude:
• baddateformattingsuchasusing‘.’instead
of‘/’asa divider

• datesenteredas1/1/80incorrectlyconverted
to1/1/2080bysystem
• spellingerrorsofsuburbsorabbreviating
partsof,thereforeendingupwithtwonames
forsamesuburb
 Datatransformationisconsidered,inthe
wayofconvertingcreationdates toaperiodthat
identifieshowlongclients,agentsandstaffhave
beenwiththeagencyaswellasdatesofb irths
beingconvertedtoages. Alargenumberof
recordsdidnot haveagenderfortheclient. This
couldbedeterminedfromthefirstnameofth e
clientbutwould beverytimeconsumingtodo.
Soasnottowastetoomuchtime,onlyrecords
thosewere definitelyuseablehadtheirgenders
input.Weal sodiscountanyattribute sthatare
redundanttothetaskathand.
 Theinitialrawdatacontained
approximately65000records.Thishasbeen
reducedtoapproximately36000recordsafter
pre-processing,whichseemstobequitealarge
prune.Itwasexpectedthattherewouldbeafair
amountofdataremovalbecauseofthecurrent
systemnotbeingatru erelationaldatabaseand
thatitdoesnotsupportreferentialintegritythus
creatingmanyorphanrecordsduringarchiving
anddeletionofrecords.Thereisalsono
documentationonthedesignofthesystem,
whichreflectsonitspoorstructure. 
 Someo f thekeyattributesthatwere
selectedforthedataminingprocessareItem
Code(categorical),CreatorId(categorical),
AgentCode(categorical),Agentsuburb
(categorical),AgentYears(Quantitative),Client
Code(categorical),Clientsuburb(categoric al),
ClientYears(Quantitative),ClientDiagnosis
(categorical),ClientAge(Quantitative),Staff
Code(categorical),Staffsuburb(categorical),
StaffYears(Quantitative),StaffSex
(categorical),StaffAge(Quantitative).

3.3 DataMiningProcess:Data Modelling
 Thepredictivemodellingor
classificationtaskofdataminingbuildsamodel
tomap(orclassify)adataitemintooneof
severalpredefinedclasses.Usually,themodelis
givensomealreadyknownfactswithcorrect
answers,fromwhichthemod ellearnstomake
accuratepredictions.Mainlythreetechniques
namelyneuralinduction,treeinductionand
bayesianclassifiersareusedforclassification
dataminingtasks [2,3] .
 Treein ductionclassifiers ord ecision
treeshavebeenchosenbecauset heyfitthetask
athandofclassification. While constructinga
decisiontreefromtoptobottom,a ttributesare
evaluatedateachsteptoformdescendantnodes.
Theattributeselectionisbasedona`statistical
test'todeterminehowwellitclassifies the
trainingexamples.Classificationofunknown
samplesismadebytracingapaththroughthe
decisiontreeuntilaleafnodeholdingtheclass
predictionisreached. We usethe modellingtool
calledC5.0 [6]thatgeneratesdecisiontreesas
wellasclass ificationrules. 

3.4 DataMiningProcess:Analysingthe
Results
 Theresultispoorwhenallthestaffand
clientrelatedattributes areincludedinthe
miningprocesstodet erminethestaffmember
suitableforajob.Theresultingmodelfocuses
onthe staffsuburb ,whic hislikestatingthe
obvious. Ofcoursea staffsuburb willidentifya
staffmember,especiallyiftheyaretheonly
employeeinthatarea.Toimprovetheresultswe
needtoremovefieldsthatprejudicetheresults
andthenredotheanaly sis.
 Onlythe staffsuburb isremovedinnext
analysis,whichprovidesuswithabetterresult.
Itisnotedthatthereisahugeincreaseinthe
meansizeofthedecisiontreefrom255to
1165.9and themeanerrorrate from 3.5%to
0.2%. However,asthe standarderrorofthe
meanislessthan1wecanaccepttheresultas
beinguseful. Theresultnowfocusesonthe
clientsuburb allowingustoidentifyinmost
casesastaffmemberbythisattribute.Itwas
goodtoseethatsomeofthesub -branchesthat
wereproducedreliedonthe clientdiagnosis to
determinewhichstaffmembertochoosefora
jobintheselectedsuburb.
 The staffage and staffyears alsoplaya
partintheresultandinitialthoughtswould
suggestthatperhapstheyshouldberemoved.
The staffyears couldbeimportantfor
identifyinglong -termemployeesthathavea
longerworkingknowledgeofcompany
proceduresforcareofadifficultclientorthe
staffage maybeimportantifspecifiedasa
preferencebytheclientandaretherefore keptin
theanalysis.The staffsex and clientsex arealso
usedinsomeruleswhichmayalsobeusefulif
requestedbytheclient.

 Itisdifficulttoreportonallthe
confidencelevelsandstatisticalsummariesin
therulesetsbecauseofthelargenum berof
rules.Anoverallviewshowsthatmostrulesare
wellovertherequested50%confidencelevel,
howeversomeoftheruleshaveslippedbelow
andthisisreflectedinthenumberoftraining
casesthatdidnotfittherule.
 Wealsopredictedthe client diagnosis.
Weonlyusetheclientattributesbecausewe
wanttocomparethemagainststatistical
informationputoutbytheBureauofStatisti csto
identifyfuturemarkets. Therunshowsabias
againstthe clientsuburb, whichisdoubtedthatit
wouldd etermineaclient’sdiagnosis.Asaresult
the clientsuburb isremovedforthenextrun.
 Duetothelownumberofattributesthat
arerepresentedhere,onemustbecynicalabout
theresultsproduced.  Forallfolds,thefirst
decisioninthetreeis clientage>58 .Witha
meansizeof115.1andonlyagesinthedataset
between2and112itcanquicklybeseenthat
almosteachyearhasitsownrule.Thereisalsoa
highlevelofunknown client diagnosis,whichis
puttingastrongbiasonsomeoftherul es.
Furtheranalysisoftheresultsdoesnotseem
appropriateasthelackofattributesseemstobe
hamperingthedataminingprocess. 

4ConclusionandFutureDirections
 Thispaperoutline sthedatamining
methodfollowedtoprocess the healthcaredat a.
Fromtheresults,wecanconcludethatt he
extractedinformationandknowledgeislimited
tothequalityofthesourcedataanditssuitability
forthedataminingtechniquesused.
 Itappearsthatthechosendatasetdoes
nothaveenoughdepthandther eforealotofthe
resultsarebasedonasmallnumberof
occurrences.Thereisalsoaneedformore
attributestobeincludedintheanalysis.Also,
therearesomeattributesthoseneedtoberefined
suchassuburbs,worktimes,etc.Suburbscanbe
generalisedtocouncilzonesorMessengerpaper
zonestoreducethenumberofd ifferentvalues
forthefield. Thiswouldalsohavemoremeaning
inaspatialaspectasstaffsaremorelikelyto
workinthesurroundingareatowheretheylive.
Atpresenttherela tionshipbetweentwosuburbs
cannotbedetermined. Employee s’preferenceof
worktimeswasleftout forsimplicity. Thisisa
multi-valuedfield,whichrequiresgeneralisation
toreducethelargecombinationof35fields(7
daysx5timeslots).Wecouldh avegroupedthe
preferencesintoMon -Fri9 -5,beforethistime,
afterthistimeandweekends. Thiswouldrequire
extraanalysisandpossiblysoftwaretoconvert.
Approximately23000ofthelostrecordscould
havebeensavedbyutilisingtheabove
mentionedtechniques. 
 Sofarourstudieshavebeenbasedon
the classificationdataminingtask. Thereneeds
tobesomeanalysisonthebiggerpicturewhich
is‘Whatisajobmadeupof?’,‘Howdoesone
jobdifferfromanother?’and‘Howcanwe
groupsimilarjo bstogether?’.Thesequestions
areideallysuitedto clustering,asthereareno
pre-existingclassificationsforajob.Onemay
arguethatthe itemcode isthejobclassification
butitprobablybetterfitsthedescriptionofthe
classificationoftheser viceprovidedandnotthe
overalljobwhichincludesmoredetails.  Further
experimentsofthiskind mayprovideuswith
newknowledge .
 Nonetheless,analysisofhealthagency
datasethasprovidedussomeimportant
informationthatwasunidentifiedotherw ise.
Thiswillcertainlyhelpthehealthagencyto
makeitsdecisionbetterinthefuturewiththe
incorporationoftheseresults.
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